In this study we propose a new formulation of subsurface water storage dynamics for use in 10 rainfall-runoff models. Under the assumption of a strong relationship between storage and 11 runoff, the temporal distribution of catchment scale storage is considered to have the same shape The movement of groundwater to streams is an important component of catchment hydrology 7 and simulating its movement is key to accurately reproducing the hydrograph. Unfortunately, at 8 the spatial scale of interest for studying the dynamics of hydrological systems, the catchment 9 scale, we are not able to actually see and learn how water is transported in the subsurface. features. First, when we use the precipitation-runoff relationship in model calibration, the 7 estimated parameters will be conditioned on both inputs (precipitation and temperature) and the 8 output (runoff). The calibrated parameters will therefore be sensitive to biases and errors in the 9 inputs. Consequently, the more uncertain and biased the precipitation input, the more uncertain parameter estimate. In this paper we distinguish between calibrated and estimated parameters.
features. First, when we use the precipitation-runoff relationship in model calibration, the 7 estimated parameters will be conditioned on both inputs (precipitation and temperature) and the 8 output (runoff). The calibrated parameters will therefore be sensitive to biases and errors in the 9 inputs. Consequently, the more uncertain and biased the precipitation input, the more uncertain 10 and biased parameter estimates (e.g. Dawdy and Bergman, 1969 ; Kuczera and Williams, 1992;
11 Andréassian et al., 2001; Engeland et al., 2016) . Second, when a single parameter is estimated 12 directly from data you remove the possibility that its value is conditioned on the value of the 13 other parameters, i.e. that the calibrated parameter values compensate for structural or data errors 14 (Beven, 1989; Kirchner, 2006; Kirchner, 2009 ). Third, when a single parameter is estimated 15 directly from observed data and not through the optimizing of a model, one does not have to take 16 into account the possible (and probable) errors associated with the model structure (Beven, 2001. 17 p. 21; Kirchner, 2009 ). In such a way, the errors associated with the modelling of processes such 18 as snow accumulation and -melt, groundwater-and soilmoisture dynamics do not influence the 19 parameter estimate. In this paper we distinguish between calibrated and estimated parameters.
20
The term "calibrated parameters" refers to parameters being part of a set that is simultaneously 21 optimized when minimizing the difference between observed and simulated runoff. The term 22 "estimated parameters" refers to parameters estimated independently and directly from observed 23 data. These values are not tuned to minimize the difference between simulated and observed 24 runoff as would be the case if they were calibrated. 25 The new formulation of storage dynamics proposed in this paper is implemented in the in the parameterized from recession data and digitized maps, so the DDD model incorporates many of 7 the modelling approaches presented above. 8 The main objective of this study is to assess how the new formulation of storage with its 9 parameters estimated directly from recession characteristics and the mean annual runoff 10 compares with the current formulation of the storage, where its parameter is calibrated against 11 runoff. The comparison will be carried out for a large number of catchments and for runoff and 12 recession behaviour. In the discussion, some implications with respect to predictions in 13 ungauged basins and spatially variable groundwater modelling are discussed. 14 15 2 Methods description of the subsurface and of runoff dynamics. Input to the model is precipitation and 23 temperature. In the subsurface module (see Figure 1) Excess water:
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Groundwater:
9
Soil water content:
10 Soil water zone: The runoff dynamics are completely parameterized from observed catchment features derived 5 using a Geographical Information System (GIS) and runoff recession analysis. Central for the 6 formulation of runoff dynamics for a catchment is the distance distribution derived using GIS.
7
The distances, [ ], from points in the catchments to the nearest river reach are calculated for 8 each catchment and for more than 120 studied catchments in Norway the exponential distribution 9 describe the distribution of distances well. Figure 2 shows the empirical and exponential 10 distributions for two Norwegian catchments and although the mean distance ̅ is different, the 11 exponential distribution is a good fit for both catchments. The parameter , of the exponential as a function of distance from the river network. In appendix A, analytical relations between 16 exponential distance distributions and linear reservoirs are described. 17 In the DDD model, water is conveyed through the soils to the river network by waves with 18 celerities determined by the actual storage, ( ) in the catchment. The celerities associated with 19 the different storages are estimated by assuming exponential recessions with parameter , in 20 ( ) = 0 − ( − 0 ) , where 0 is the peak discharge immediately before the recession starts 21 (Nash, 1957). We can determine the parameter ( ) from the difference:
8 at any time , during the recession due to the lack of-memory property of the exponential 1 distribution (Feller, 1971, p. 8) .The parameter Λ is thus the slope per Δ of the recession (of 2 ( )). From eqs. A2 and A7 in Appendix A, we find the celerity [ / ] as a function of Λ:
If we sample 's from all recession events (the only condition is that Q(t) > Q(t + ∆t)) 5 according to Eq. (3), we find that they can be fitted to a gamma distribution. This is a 6 development from the exponential model used in Skaugen and Onof (2014) and is based on more 7 detailed analysis of a much larger number of runoff records. For the 73 catchments us in this 8 study, the gamma distribution was a good fit for all catchments. In Figure 3 we have plotted the The capacity of the subsurface reservoir , is divided into storage levels of equal capacity. The estimated such that the runoff from several storage levels will give a UH equal to the exponential 18 UH with parameter Λ , i.e.:
where are the weights associated with the discharge from each level estimated by = 
10
. In Skaugen and Onof (2014) , no increase in the precision of daily runoff simulations 7 was found using more than 5 storage levels. An obvious problem of the approach described above is that we attempt to estimate an extreme 11 value, the maximum catchment scale storage , a task which is obviously associated with more 12 uncertainty than estimating the mean catchment scale storage, . Another problem is the 13 assumption of a uniform distribution of storage levels. A quick investigation of observed 14 groundwater level fluctuations suggests that this is not the case. Figure 4 shows histograms of 15 observed groundwater levels from three observation boreholes located in a small catchment (the 16 Groset catchment, 6.33 km 2 ) in southern Norway. The figure clearly illustrates that fluctuations 17 in storage and groundwater levels are spatially variable and should ideally be treated as such in 18 rainfall-runoff models (Rupp et al. 2009; Sloan, 2000) . This is a consequence of the differences 19 in water level fluctuations depending on the location of the borehole relative to the river, i. Consequently, the subsurface reservoir no longer increases linearly with the quantiles (which is 10 the case with storage levels of equal capacity), but rather, increases non-linearly according to the 11 shape of the distribution of Λ.
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Since the distribution of Λ is modelled as a two parameter gamma distribution, we can write:
where and are the shape and scale parameters respectively and estimated from observed Λ′ 15 (using Eq. 3). 16 The distribution of is hence also modelled as a two-parameter gamma distribution:
where the scale parameter, , is
and is a constant and equal to
1 where Λ � is the mean value of Λ, estimated from the parameters of the fitted gamma distribution 2 and representing the mean recession characteristic. Note that since the distribution of is a 3 scaled version of Λ, the shape parameter is equal for the two distributions.
4
In order to model the storage as a two-parameter gamma distribution we need to estimate the 5 mean storage, . We can then determine the constant from Eq. 9, and finally, the scale 6 parameter using Eq. 8.
7
If we assume that the mean value of the sampled ′s, Λ � , represents the slope of recession in a 8 state of mean storage in the catchment, then the associated unit hydrograph (UH) is,
10
The temporal scale of the UH in Eq. 10 is ℎ, = / ̅ ℎ , where is the observed 11 maximum distance of the hillslope distance distribution and ̅ ℎ is the celerity associated with Λ � 18 and scaled so that the sum of weights equals 1. The runoff at time interval is calculated as
For estimating the mean storage m S we first calculate the mean annual runoff, , which 1 corresponds to a daily excess moisture input of
3 where is the catchment area.
4
After successive days of input , routed with the UH of Eq. 10, we reach a steady state where 5 the volume of the input equals the output ( ). The total sum of moisture input after days is
7 where total runoff, , after days is
and k is the number of days and the subscript denotes "steady state". The water left in the soils,
10
, at steady state (after time intervals) and hence assumed to represent the mean storage , 11 is = • − , which can also be calculated as:
13
With an estimate of the mean storage, , we can use eqs. 8 and 9 to estimate the scale 14 parameter, , of the distribution of . The shape parameter, , is already determined and equal to 15 that of the distribution of Λ. The gamma distributed storage levels are calculated as quantiles 16 of the gamma distributed storage:
18
where is now estimated as the 99% quantile of the distribution of . 
Test of new storage routine
We will test the performance of the new formulation of storage by replacing the formulation of 1 the storage where is a calibrated parameter and storage is uniformly distributed with a 2 formulation where storage is gamma distributed with parameters, and α, derived from 3 recession data and . The model with the current storage routine is denoted DDD_ and the 4 model with the new storage routine is denoted DDD_ .
5 DDD_ and DDD_ are tested for 73 catchments distributed across Norway (see Figure 5 ).
6
The catchments vary in latitude, size, elevation and landscape type (see histograms of selected 7 catchment characteristics in Figure 6 ) and constitute thus a varied, representative sample of 8 Norwegian catchments. denoted by with subscripts in Table 1 ). The calibrated parameters, except for , are also used 18 when running DDD_ . Table 2 . 12 The observed distribution of the recession characteristic Λ, is crucial for both the estimation of 13 the subsurface celerities and the estimation of . If the distribution of simulated Λ, denoted Λ̇, 14 is similar to that of the observed, this suggests that recessions are well simulated and hence, that 15 the dynamics of the model are realistic. Figure 8 shows scatter plots of the mean and standard 16 deviation of observed and simulated Λ̇ for DDD_ (blue circles) and DDD_ (red 17 crosses). The root mean square error (RMSE) of the mean Λ̇ is clearly less for DDD_ , 18 whereas the RMSEs of standard deviation of Λ̇ for DDD_ and DDD_ are similar (see 19   Table 3 ). simulated runoff in such a manner constitutes a rather strict test for DDD_ . DDD_ has an 13 advantage since the parameter is optimized together with the other calibration parameters.
14 These optimized parameter are not necessarily optimal for DDD_ .
15
The reduction of calibrated parameters in the storage and dynamic module of the DDD model 16 has attractive implications for the problem of predictions in ungauged basins (PUB) (see eg. correlated (p-value < 0.01) to the mean of the distance distribution, ̅ , areal percentage of lake 13 and the catchment gradient (see Table 4 ). From Table 4 , we note that the shape parameter is reduced. Hence, the very high values of did not represent storage for true recession events. 13 Moreover, the distribution of Λ was insensitive to such conditioning, implying that Eq. 3 is a 14 robust estimate of recession characteristics, whereas the distribution of is highly sensitive. This 15 way of conducting recession analysis differs, mainly in the manner of sampling the recession 16 events, from those described in recession analysis reviews such as Tallaksen (1995) and Stoelzle celerity that will drain pr. time interval. The higher the celerity, the more of the catchment area is 22 represented by each box. The darker the blue colour, the more water is present in the box. however, do not level off to the same degree as does for groundwater observations. This can 12 probably be explained by the fact that storage in DDD is simulated for an entire catchment, and 13 it is more unlikely that an entire catchment will reach full saturation than individual groundwater 14 boreholes, located relatively close to the river (Myrabø, 1997; Laudon et al. 2004). 15 The parameters of the subsurface and the dynamical modules of the DDD model are all 16 estimated prior to calibration against streamflow and we see this as a necessary development if 17 we are to effectively test new algorithms for snow distribution, snowmelt, evapotranspiration etc. 18 at the scale that matters for most practical applications, the catchment scale (Clarke, 2011). In Figure A1 , for the same two catchments as in Figure 2 , the consecutive fractional areas for 9 each distance interval ∆ are plotted against the distance to the river network, and the ratio, 13 If we assume that a uniform moisture input (i.e. excess rainfall or snowmelt) is transported 14 through the hillslope to the river network with a constant velocity, , (or celerity, see Skaugen 15 and Onof, 2014, Beven, 2006) , then Δ is the distance travelled by water during a suitable time 16 step, ∆ , i.e., ∆ = ∆ . When Eq. 2 is replaced with / , the distance distribution hence 17 becomes a travel-time distribution with mean equal to � and parameter distribution and a constant celerity is equivalent to a linear reservoir with a rate constant equal to
Furthermore, from eqs. A2 and A3 we see that the rate constant of a linear reservoir relates to the 10 parameter of the travel time distribution as:
12
Since the mean of the travel-time distribution is 1 = � , the rate constant relates to the mean of the 13 distance distribution as: 15 and the celerity can hence be formulated as: 17 This brief discussion on the distance distribution and linear reservoirs shows that if a catchment 18 exhibits an exponential distance distribution, linear reservoirs comes as a natural choice for distribution suggests a geometrical configuration of the hillslope (or aquifer) ( Figure A1) The ratio ( ( ) + ( ))/ ( ) controls the release of excess water to and hence to runoff.
4
Note that , and are functions of time, whereas is fixed. 
